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We
 
examine
 
the
 
ability
 
of
 
one-
 
and
 
two-factor
 
regime
 
switching
 
models
 
to
 
describe
 
US,
 
devel-
oped,
 
and
 
emerging
 
market
 
mutual
 
fund
 
returns.
 
We
 
find
 
that
 
a
 
two-factor
 
fixed
 
transition
 
probability
 
model
 
adequately
 
describes
 
the
 
multivariate
 
series
 
of
 
mutual
 
fund
 
returns
 
without
 
the
 
need
 
to
 
model
 
time-varying
 
transition
 
probabilities.
 
Mutual
 
fund
 
performance,
 
as
 
mea-
sured
 
by
 
a
 
state
 
dependent
 
Jensen's
 
alpha,
 
varies
 
with
 
economic
 
regimes
 
that
 
are
 
defined
 
according
 
to
 
the
 
global
 
equity
 
market
 
mean.
 
Our
 
primary
 
two-factor
 
fixed
 
transition
 
probabil-
ity
 
model
 
shows
 
that
 
emerging
 
market
 
mutual
 
fund
 
alphas
 
are
 
often
 
significantly
 
positive
 
in
 
global
 
bull
 
regimes.
 
Consideration
 
of
 
alternative
 
second
 
risk
 
factors
 
suggests
 
that
 
both
 
the
 
for-
eign
 
exchange
 
factor,
 
or
 
the
 
recently
 
proposed
 
Hou,
 
Karolyi
 
and
 
Kho
 
(2011)
 
value
 
factor
 
can
 
improve
 
series
 
forecasts
 
and
 
out-of-sample
 
portfolio
 
performance.
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1. Introduction
Mutual funds are an important investment alternative for US investors. In 2010, combined assets in US mutual funds exceeded
11.8 trillion US dollars. Approximately 90 million individuals hold mutual funds in the United States, and of these individuals, 65%
maintain more than half of their financial assets in mutual funds (Investment Company Institute, 2011).
The performance of mutual funds has been extensively studied by a wide range of authors beginning with the seminal works
of Sharpe (1966), and Jensen (1968). Recent studies have examined the persistence in mutual fund winners and losers (Carhart,
1997), the role of luck in observed portfolio performance (Fama and French, 2008, 2010; Kosowski et al., 2006), and the impor-
tance of economic information in affecting conditional measures of performance (Ferson and Schadt, 1996; Jha et al., 2009;
Kosowski, 2006).1
Since Solnik's (1974b) seminal work, the potential benefits to adding international investments to a well-diversified US-based
portfolio continue to be actively debated. For example, De Santis and Gerard (1997) estimate that the expected gain from inter-
national diversification is more than 2% per year. Li et al. (2003) further show that international diversification benefits remain
substantial for US investors even with short selling constraints. In contrast, Lewis (2007) finds that the diversification benefit,
⁎ Corresponding author at: Department of Finance and Management Science, College of Business, Washington State University, Pullman, WA 99164-4746, United
States. Tel.: +1 509 335 3797; fax: +1 509 335 3857.
E-mail addresses: hturtle@wsu.edu (H.J. Turtle), czhang@georgefox.edu (C. Zhang).
1 Kosowski (2006) examines domestic mutual fund performance in the context of a regime-switching model. He ﬁnds that risk-adjusted mutual fund alphas
are higher in recessions than in expansions with both single and multi-factor models. His model differs from ours in that he assumes a single regime for all risk
factors, with fund returns that vary across regimes. Our speciﬁcation models regime-speciﬁc moments for all risk factors and fund excess returns.
either from investing in foreign equities directly, or in American Depository Receipts traded in the US, is diminishing due to the
increase of world equity market integration (also see Pukthuanthong and Roll, 2009). In our primary two-factor fixed transition
probability model we find that emerging market funds can be used to generate superior out-of-sample Sharpe ratios.
Motivation to study international mutual funds, and especially emerging market funds, continues due to market frictions such
as barriers to information flows, costs of information transmission, and cultural, legal and other institutional differences. Howev-
er, empirical evidence regarding the performance of emerging markets funds is limited. Huij and Post (2009) use the rank port-
folio method of Hendricks et al. (1993) to examine persistence in mutual fund performance. They find evidence of strong
persistence in emerging market funds that is pervasive even among previous winners.2 Conover et al. (2002) consider the link-
ages between developed economies and find that when an exogenously specified measure of monetary policy is tight, emerging
market funds outperform domestic funds.
We analyze emerging market, (non-US) developed market, and US mutual funds returns in the context of a multivariate
Markov regime-switching model with one or two risk factors, and with either fixed or time-varying transition probabilities.
We investigate the significance of regime dependent alphas in an econometric model that admits changes in means and covari-
ances across regimes for all assets and risk factors along with a transition matrix to characterize the likelihood of regime shifts.
Transition probabilities between regimes are either fixed or time-varying as a function of the Organization for Economic Co-
operation and Development (OECD) composite leading indicator. Both the fixed and time-varying transition probability models
produce regime probabilities that evolve over time. Our single factor model includes a global equity market risk factor. Our pri-
mary two-factor specification also includes a foreign exchange risk factor supported by Solnik (1974a), Adler and Dumas
(1983), Dumas and Solnik (1995), and De Santis and Gerard (1998), among others. We also examine two-factor specifications
with a second risk factor given by the value factor of Fama and French (1998), the momentum factor of Hou, Karolyi and Kho
(HKK 2011), or the HKK (2011) cash to price value factor.
Our empirical results suggest that a two-factor model with fixed transition probabilities can adequately describe the multivar-
iate series of mutual funds considered. Further in our primary fixed transition probability (FTP) model, the estimated alpha for
emerging market funds increases by over 1.3% per month when the environment changes from a global bear to a global bull mar-
ket. When global equity returns are large, emerging market funds provide a substantially increased Jensen's alpha. Our approach
is similar in spirit to Conover et al. (2002) in that we find that the economic environment impacts emerging fund returns. The
primary differences are that our regimes are endogenously determined, and are related to global equity bull and bear markets
rather than the monetary environment. Our finding that emerging market mutual funds provide superior state dependent alphas
in bull markets is consistent with Conover et al. (2002) if tight money policy coincides with global bull markets.
We provide the following contributions to the literature. First, we find that a two-factor fixed transition probability (FTP)
model provides a parsimonious description of the multivariate return series according to both the AIC and SBC information cri-
teria. This result is consistent with much of the extant literature in related contexts (cf., Kon and Jen, 1978; Turtle et al., 1994;
Hamilton, 1989; Ang and Bekaert, 2002a, 2002b; Guidolin and Timmermann, 2008a, 2008b; or Guidolin and Nicodano, 2009). In-
formation criteria find little evidence that time-varying transition probabilities are particularly helpful in characterizing our sam-
ple. Nonetheless, the likelihood of various regimes displays substantial variability over time even in our simpler FTP setup.
Second, we find that the single-factor FTP model seems to adequately capture the impact of changes in the OECD leading econom-
ic indicator without explicitly requiring transition probabilities to evolve with this variable. The model seems to have a tendency
to identify bear regimes in equity markets even when the OECD indicator is quite positive and when the NBER does not identify a
recession. This puzzle is partially resolved by recognizing that the model identifies global equity market regimes rather than eco-
nomic regimes per se. That is, we find that global equity markets are noisy predictors of recessions.3 Plots of the bear regime prob-
ability show a close relationship with one-year global equity market returns.
Many of our regime-switching specifications provide good out-of-sample predictability relative to the single regime results,
but there is little evidence that time-varying transition probabilities improve out-of-sample forecasts. In general, the world mar-
ket risk factor substantially improves the prediction for all mutual funds returns. Based on the extant international finance liter-
ature we also consider a second risk factor given by a foreign exchange risk factor. Out-of-sample, this factor most improves the
predictability of emerging market fund returns. Of the other potential second factors considered, the HKK (2011) value factor im-
proves the out-of-sample forecasts for all mutual funds series.
We also consider out-of-sample Sharpe ratios for various portfolios formed using the Okhrin and Schmid (2006) expected util-
ity maximizing portfolios for various model-specific moment forecasts and risk aversion levels. This analysis offers potentially im-
portant differences relative to the simple forecast results in that portfolio choices are impacted by changes in both conditional
means and covariances that will impact the resultant weight vectors chosen by our representative investor. In general, we find
that FTP models offer superior out-of-sample Sharpe ratios relative to portfolios based on unconditional sample moments.
The remainder of the paper is organized as follows. Section 2 describes the data and their sources. Section 3 presents the
regime-switching model and its application in mutual fund performance evaluation. Section 4 presents the primary empirical re-
sults of one- or two-factor fixed or time-varying transition probability regime-switching models. In Section 5 we present our pri-
mary out-of-sample analyses including a comparison of the various models using 60 one-month forecasts, as well as a related
analysis of out-of-sample Sharpe ratios from the various FTP models. The latter is important in that they employ the model-
generated covariance matrices in portfolio choice. Section 6 summarizes and concludes.
2 This ﬁnding of persistence contrasts with the lack of persistence found in Carhart (1997) when examining US mutual funds.
3 As Paul Samuelson famously noted “ … the stock market has predicted nine of the previous ﬁve recessions.”
2. Data
2.1. Mutual fund data
We collect mutual fund data from the Morningstar Principia database. Principia provides detailed information on mutual
funds, including manager characteristics and fund performance. We limit our analysis to stock funds that are not closed to all in-
vestments, or to new investments, and have an initial minimum purchase amount of less than $20,000.4 We classify mutual funds
into domestic funds if the percentage of US stock holdings is equal to or greater than 80%, developed market funds if the percent-
age of developedmarket stock holdings outside the US exceeds 70%, or emergingmarket funds if the percentage of emergingmar-
ket stock holdings exceeds 70%. Because many funds offer multiple classes on the same underlying fund, we retain only the largest
class as measured by net assets at the end of March 2009 when there are multiple class offerings.5 Our final sample includes 2190
US domestic funds, 499 developed market funds, and 37 emerging market funds. We extract monthly returns for all funds for the
period from April 1989 to March 2009, and form equal-weighted monthly returns for domestic, developed market, and emerging
market fund portfolios.6 Equal weighted portfolios allow us to examine a simple portfolio strategy, albeit with required rebalan-
cing, across US, developed and emerging markets in a manner consistent with much of the extant literature (cf., Ferson and
Schadt, 1996; or more recently Jha, et al., 2009).7
2.2. Risk factors in international equity
Our world market portfolio is the Morgan Stanley Capital International (MSCI) All Country World Index (ACWI). Much of the
related international literature uses a similar measure of global market returns. For example, Cumby and Glen (1990) show that
the intercepts are jointly zero from regressions of country index returns on Morgan Stanley World Index returns, providing sup-
port for the use of the MSCI World Index as a mean-variance efficient portfolio. Ferson and Harvey (1993), Fama and French
(1998), and Harvey et al. (2002) also use the MSCI World Index as their market proxy. The MSCI World Index is a market-
capitalization weighted index of 23 developed countries. Given that our interest includes the performance of domestic, devel-
oped, and emerging markets, we use the broader market-capitalization weighted MSCI All Country World Index (ACWI) as our
world market benchmark. As of April 2010, the ACWI includes 23 developed markets and 22 emerging markets.8
Following Harvey et al. (2002), we construct our foreign exchange risk factor as the return on the trade-weighted exchange
index from the Federal Reserve Bank of St. Louis less the riskless rate.9 The existing international asset pricing literature provides
strong evidence that foreign exchange risk affects expected equity returns.10 For example, Dumas and Solnik (1995) find that de-
partures from purchasing power parity induce foreign exchange risk premium for the world's largest equity markets. Ferson and
Harvey (1993, 1994), and Harvey et al. (2002) find that the aggregated exchange risk is another significant factor in both uncon-
ditional and conditional asset pricing tests. We therefore consider changes in the US dollar against the currencies of a broad group
of major US trading partners as the second global risk factor (Harvey, 1995; Harvey et al., 2002). A positive (negative) change in-
dicates appreciation (depreciation) of the US dollar.11
The 30-day Eurodollar deposit rate from the Federal Reserve Bank of St. Louis is our proxy for the international risk-free rate.
2.3. State variable
Chen et al. (1986) suggest that macroeconomic variables may serve as useful leading indicators of stock returns. We hypoth-
esize that fund managers make portfolio decisions using macroeconomic information that affects state transition probabilities. In
a related setting of business cycle phases and dynamics, Filardo (1994) uses the US Composite Leading Indicator (CLI) as his
4 The screen applied here is similar to Del Guercio and Tkac (2002).
5 In a similar context, Chen et al. (2004) and Gaspar et al. (2006) also choose to retain the largest mutual fund class when collecting data from the CRSP US
Mutual Fund database to avoid multiple counting of returns for the same managed fund. Multiple share classes in the same management family have the same
pool of securities, and thus the same returns before expenses and loads. This restriction helps to retain important variability across the underlying mutual funds
without including a wide number of funds with very highly correlated returns.
6 Measured monthly returns from Principia do not adjust total returns for any brokerage costs or loads, but do account for management, administrative, and
12b-1 fees. In our later robustness analysis, we consider total returns adjusted by management expense ratios available as of March 2009 for individual mutual
funds. We acknowledge the helpful suggestions of two anonymous referees that motivated this analysis.
7 Unfortunately, Morningstar Principia does not provide fund values over time to allow the creation of value weighted portfolios.
8 The developedmarket country indices include Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, HongKong, Ireland, Italy, Japan, the
Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden, Switzerland, the United Kingdom and the United States. The emergingmarket country indices
include Brazil, Chile, China, Colombia, the Czech Republic, Egypt, Hungary, India, Indonesia, Israel, Korea, Malaysia, Mexico, Morocco, Peru, Philippines, Poland, Russia,
South Africa, Taiwan, Thailand, and Turkey.
9 The trade-weighted exchange index (broad) is a trade-weighted average of the foreign exchange value of the US dollar against the currencies of a broad group
of major US trading partners. The broad currency index includes the Euro Area, Canada, Japan, Mexico, China, United Kingdom, Taiwan, Korea, Singapore, Hong
Kong, Malaysia, Brazil, Switzerland, Thailand, Philippines, Australia, Indonesia, India, Israel, Saudi Arabia, Russia, Sweden, Argentina, Venezuela, Chile and
Colombia.
10 See Solnik (1974a), Karolyi and Stulz (2003) for detailed discussion of foreign exchange risk pricing.
11 Although this foreign exchange risk factor may be an excellent asset pricing risk factor, it is does not represent an investable security. For this reason and to
meaningfully compare across other potential second risk factors in our later analysis, we form portfolios only from the three equal weighted portfolios of mutual
fund returns and the world market portfolio. Different modeling speciﬁcations may nonetheless improve measurement of asset moments.
economic information variable. Similarly, both Perez-Quiros and Timmermann (2000) in their research of cyclical variations in
stock returns, and Kosowski (2006) in his state-dependent domestic mutual fund performance paper use the CLI as their econom-
ic information variable. Given our international focus, we adopt the global CLI as our state variable in determining time-varying
transition probabilities. The global CLI measure is constructed from the Organization for Economic Co-operation and Develop-
ment (OECD) based on composite leading indicators for its member countries. The measure reflects business-cycle variation in
each country and provides an aggregate leading indicator to capture business-cycle variation in the world economy.12,13
Table 1 provides a brief description of the monthly excess returns on the US domestic fund portfolio (rUS), the developed mar-
ket fund portfolio (rDE), the emerging market fund portfolio (rEM), the world market portfolio (rm), and the foreign exchange port-
folio (rFX). We also report summary statistics for the one-month Eurodollar deposit rate (Rf) and for the log growth rates of the
OECD global composite leading indicator (gCLI). All values are expressed in percent per month format. We observe that the US do-
mestic fund, developed market fund, and world market benchmark have comparable sample minimums, maximums, and stan-
dard deviations. The emerging market fund excess returns, however, display considerably greater times series volatility. The
average monthly excess returns of the US domestic fund portfolio and the developed fund portfolio are 0.40% and 0.17%, with
a standard deviation of 4.42% and 4.47%, respectively. The monthly excess return of the world market portfolio is 0.19% with a
standard deviation of 4.30%. The emerging market portfolio has a considerably greater mean excess return of 0.55% but is also
much more volatile. Reported p-values indicate that excess returns to emerging, developed, and US mutual funds are not signif-
icantly different from the risk-free rate over this sample period using preliminary univariate tests.
3. Regime-switching models
Following Kon and Jen (1978), and Hamilton (1989), regime-switching models have been successfully applied to business cycles
(Filardo, 1994), asset allocation (Ang and Bekaert, 2002a; Guidolin and Timmermann, 2008a), stock returns (Guidolin and
Timmermann, 2005; Kim et al., 2001; Perez-Quiros and Timmermann, 2000), interest rates (Ang and Bekaert, 2002b), international
mean-variance frontiers (Guidolin and Ria, 2010), and to consider the impact of higher returnmoments on optimal portfolio holdings
in a regime context (Guidolin and Timmermann, 2008b).We apply the Markov regime-switchingmodel to a sample of international
mutual funds with both fixed and time-varying transition probabilities to examine regime specific performance.
We assume two states of the economy and use a latent variable St to denote the state as equal to either one or two. The states
of the market switch from one regime to the other based on a transition matrix,
Tt≡
p11t p
21
t
p12t p
22
t
" #
≡ p φt−1ð Þ 1−q φt−1ð Þ1−p φt−1ð Þ q φt−1ð Þ
 
ð1Þ
where p(φt−1)≡pt11≡prob(St=1|St−1=1; φt−1) is the probability of staying in state one if the previous state is one, q(φt−1)≡
pt
22≡prob(St=2|St−1=2; φt−1) is the probability of staying in state two if the previous state is two, and φt−1 is the information
set available to investors at time t−1. To guarantee well defined transition probabilities, we follow Perez-Quiros and
Timmermann (2000), and Kosowski (2006) by using the logistic transformation to map the state variable into the interval
(0,1) such that p φt−1ð Þ ¼ exp a0þa1 φt−1ð Þ1þexp a0þa1 φt−1ð Þ, and q φt−1ð Þ ¼
exp b0þb1φt−1ð Þ
1þexp b0þb1φt−1ð Þ, where a0, a1, b0, and b1are constants to be estimated
along with the other model parameters.14 We define the general model above as our time-varying transition probability
(TVTP) model. Models with a1=b1=0 are defined as fixed transition probability (FTP) models.
Our specification for equity portfolio expected returns and volatilities is similar to Turtle et al. (1994), Ang and Bekaert
(2002a), and Tu (2010), among others. For any given model considered, we initially define the risk factors from one of two re-
gimes, where each factor has a regime specific mean, variance, and covariance with all other assets under consideration. For
the two-factor model including the market and foreign exchange factor, we can write,
rmt ¼ μm;St þ εm;St ; ð2Þ
and
rFXt ¼ μFX;St þ εFX;St : ð3Þ
To facilitate discussion of our results we characterize the regime defined by the smallest estimated world market excess return
mean, μm, St, as the bear regime and we identify this as regime one. For any particular mutual fund or set of mutual funds we also
have the equivalent specification,
rjt ¼ μ j;St þ εj;St ð4Þ
12 The OECD-Total covers 29 countries including Australia, Austria, Belgium, Canada, the Czech Republic, Denmark, Finland, France, Germany, Greece, Hungary, Ire-
land, Italy, Japan, Korea, Luxembourg, Mexico, the Netherlands, New Zealand, Norway, Poland, Portugal, the Slovak Republic, Spain, Sweden, Switzerland, Turkey, the
United Kingdom, and the United States.
13 We recognize that the global CLI variable will only imprecisely measure changes in emerging markets; however, given the economic importance of the 29
countries covered in the OECD measure, this proxy should effectively capture much of the world economic environment over time.
14 Kosowski (2006) chooses a more restrictive form for time-varying transition probabilities that excludes the constant terms a0 and b0. Our modeling prefer-
ence is to include a constant and slope term within the exponent to allow a comparison between ﬁxed and time-varying transition probability models.
for j=1, 2, …, N2. In general, the covariance matrix for all variates in any given system may be written in terms of the stacked
disturbance vector for all variates in the system as,
εSt ¼
εm;St
εFX;St
ε1;St
⋮
εN2St
266664
377775eN 0; ΣSt
 
; ΣSt ¼ σ ij;St
h i
ð5Þ
assuming a system of N2 mutual fund excess returns. Consistent with Elton (1999), this specification of means and covariances
that vary by regime may be helpful in admitting potentially long periods of time where realized values deviate from expected
returns. We report results for standard deviations and correlations using σij, St=σi, Stσj, Stρij, St. All parameters are jointly estimated
by maximum likelihood, where all terms subscripted with St are understood to have unique values in each regime.
The regime specific regression coefficients may be written as
βjm;St ¼
σ j;St ρjm;St−ρjFX;StρmFX;St
 
σm;St 1−ρ
2
mFX;St
  ; ð6Þ
βjFX;St ¼
σ j;St ρjFX;St−ρjm;StρmFX;St
 
σ FX;St 1−ρ
2
mFX;St
  ; ð7Þ
and
αj;St ¼ μ j;St−βjm;Stμm;St−βjFX;StμFX;St : ð8Þ
In the simplified single factor model, we have,
βjm;St ¼
σ jm;St
σ2m;St
; ð9Þ
and
αj;St ¼ μ j;St−βjm;Stμm;St : ð10Þ
Our primary empirical model examines a system comprised of equal weighted portfolio excess returns to mutual funds in the
US, developed markets, and emerging markets within the one- and two-factor models described above, with either fixed or time-
varying transition probabilities.15 If only the market risk factor is included, we denote the model as a one-factor model. We an-
alyze the empirical performance of the various models with the Akiake information criterion (AIC) and Schwarz Bayesian Crite-
rion (SBC). We also consider the implied behavior of bear market regime predictions graphically in relation to both the OECD
leading indicator state variable and previous global equity market returns.
15 In Section 5, we consider a variety of other alternatives to the foreign exchange risk factor. Our empirical design presents an out-of-sample comparison of
predictability, and portfolio choice for various models and risk factors.
Table 1
Descriptive statistics for mutual fund excess returns, risk factors and the state variable.
Variable Minimum 25th percentile Median 75th percentile Maximum Mean (p-value) Standard deviation
rUS −19.467 −2.149 1.058 3.270 10.268 0.404 (0.176) 4.420
rDE −21.894 −2.554 0.612 2.934 10.934 0.171 (0.570) 4.473
rEM −32.424 −2.949 2.115 4.758 21.684 0.554 (0.244) 7.050
rm −20.193 −2.323 0.770 2.753 8.877 0.194 (0.503) 4.300
rFX −3.363 −0.948 −0.177 0.585 6.300 −0.116 (0.170) 1.250
Rf 0.064 0.248 0.393 0.447 0.668 0.343 (0.000) 0.139
gCLI −1.696 −0.229 −0.003 0.180 0.598 −0.040 (0.107) 0.371
We report summary statistics for monthly excess returns on the domestic equal weighted fund portfolio (rUS), the developed market equal weighted fund
portfolio (rDE), the emerging market equal weighted fund portfolio (rEM), the world market portfolio (rm), and the foreign exchange portfolio (rFX) for the
period from April 1989 to March 2009. We also report summary statistics for the one-month Eurodollar deposit rate (Rf), and for the growth rates of the
OECD global composite leading indicator (gCLI). Reported p-values test if the mean is significantly different from zero in a two-sided t-test.
4. Primary empirical analysis
4.1. Multivariate regime-switching models
In this section we consider our primary regime-switching specifications using i) either the fixed or time-varying
transition probabilities, and ii) with the world market portfolio as a single risk factor, or with both the world market
Table 2
Multivariate one-factor regime-switching model with fixed transition probabilities.
Factor U.S. funds (U.S.) Developed funds (DE) Emerging funds (EM)
Parameters Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2
Excess −0.9918 0.9750 −0.5833 1.0535 −1.0602 0.9825 −1.1750 1.6921
return (0.036) (0.000) (0.248) (0.000) (0.031) (0.001) (0.138) (0.000)
0.4058 0.3763 −0.0901 0.0150 0.2039 0.6558
αj, St (0.461) (0.472) (0.857) (0.954) (0.801) (0.302)
0.9974 0.6946 0.9781 0.9923 1.3904 1.0629
βjm, St (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Correlations/volatilities
Regime1 Regime2
US DE EM Market US DE EM Market
5.8219 2.9780
US (0.000) (0.000)
0.8880 5.6893 0.5854 3.1732
DE (0.000) (0.000) (0.000) (0.000)
0.8329 0.8730 8.9623 0.5081 0.7268 5.0894
EM (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.9434 0.9467 0.8543 5.5069 0.7008 0.9396 0.6275 3.0048
Market (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Transition Probability Parameters, Log Likelihood and Information Criterion
a0 b0 Log Likelihood AIC SBC
(p-value) (p-value)
3.9811 4.3127
(0.000) (0.000) −2058.01 4176.02 4277.96
This table reports parameter estimates for the multivariate two-state FTP regime-switching model
rUS; t
rDE; t
rEM;t
rmt
2664
3775 ¼
μUS;St
μDE;St
μEM;St
μm;St
2664
3775þ εSt ; εSt eN 0; ΣSt 
where rUS, t, rDE, t and rEM, t are the equal weighted monthly excess returns to the US domestic, developed market, and emerging market mutual funds, respective-
ly; rmt is the monthly excess return of the world market portfolio. Alpha and beta estimates are determined from βjm;St ¼
σ jm;St
σ2m;St
, and αj, St=μj, St−βjm, Stμm, St, where
j=US, DE or EM and St is the latent variable taking a value of 1, or 2, when the system is in regime 1, or 2, respectively. The lower triangular volatility/correlation
matrix reports volatilities (in percent) on the diagonal and correlations for off-diagonal elements. The fixed transition probabilities in the two-state model are
defined as p11 ¼ prob St ¼ 1jSt−1 ¼ 1ð Þ ¼ ea01þea0 , and p22 ¼ prob St ¼ 2jSt−1 ¼ 2ð Þ ¼ e
b0
1þeb0 . Parameter estimates are reported with p-values below each estimate in pa-
rentheses. The log likelihood, Akaike Information criterion (AIC), and Schwarz Information criterion (SBC) of the full FTP model are also reported.
Fig. 1. This figure plots the NBER identified recessions in vertical bars (left vertical scale), the 1-factor fixed transition probability (FTP) model likelihood of a bear
regime (left vertical scale), and the OECD leading indicator (right vertical scale).
risk factor and the foreign exchange risk factor. We begin with our fixed transition probability (FTP) models in which
there is always a constant transition probability of leaving any given regime. Even within a FTP model, the likelihood
of the series being in any given regime over time can still display interesting temporal dynamics. Next we consider
the time-varying transition probability (TVTP) models in which the probability of leaving a given regime varies with
changes in our leading economic indicator, gCLI.
4.1.1. Fixed transition probability (FTP) models
Table 2 presents estimation results for the one-factor FTP model. As described in Section 3, the model includes four variates
given by rUS, t, rDE, t, rEM, t, and rm, t. The FTP model requires two transition probability parameters, as well as four excess return
means, four excess return standard deviations, and six correlations per regime. This results in a system with 30 parameters. Al-
phas and betas are then determined from Eqs. (9) and (10) for all equal weighted mutual funds series, rUS, t, rDE, t, and rEM, t.
The initial row of the table reports the estimated mean excess return in each regime for the global market index and
each equal weighted portfolio. We observe large differences across regimes with the bear regime (regime 1) demon-
strating a dramatically larger negative mean return relative to the bull regime for all series. Interestingly, in the one-
factor model, all mean excess returns are of the same sign in each regime. Also, each fund and the market factor
have opposite signs across regimes. Both the US and emerging market funds show a much smaller estimated beta in
the bull regime than the bear regime, which may be indicative of an asymmetry in betas that is robust across interna-
tional borders. The developed market fund betas display little difference across regimes.16 This result regarding bull and
bear regimes may be due to larger correlations in returns in bear markets. The estimated transition probability coeffi-
cients in the final row are both highly significant providing strong evidence of the existence of two regimes.17
To examine the ability of the one-factor FTP model to capture temporal variability in economic aggregates we calculate the
implied likelihood of being in a bear regime from the FTP model and consider how this variable evolves. Fig. 1 plots the likelihood
of a bear regime from the one-factor FTP model along with the National Bureau of Economic Research (NBER) identified reces-
sions on the left side vertical axis, and the gCLI, t−1 state variable on the right vertical axis. The NBER identified recessionary pe-
riods are determined ex post by the NBER Business Cycle Dating Committee. All of our regime-switching models determine bear
and bull regimes as characterized by different excess return and factor moments, rather than by identifying economic periods of
growth and decline. Nonetheless, we find that the likelihood of a bear regime is very large in both the mid-sample and latter sam-
ple NBER recessionary periods. Similarly, the latter increase in the probability of a bear regime occurs at the same time that the
OECD indicator falls. The mid-sample NBER recession follows a large drop in the OECD indicator, but the model bear likelihood is
substantively more pessimistic for a much longer temporal period than suggested by either the NBER or OECD variables. The ini-
tial NBER recession seems to be largely uncaptured by either the OECD indicator or the model likelihoods.
Fig. 2 adds the scaled one-year prior global market return on the right vertical axis in place of the NBER identified recessions.
We now see that previous global market returns may be much more informative in identifying bear regimes than the OECD in-
dicator. In particular, the increase in the likelihood of a bear market in the early 1990's appears to closely follow a period of
poor global market returns. Similarly, the large likelihood of a bear regime over the early part of the century is closely related
to weak global equity returns. Interestingly, the model bear likelihood appears to extend this period to include the late 1990s,
when global returns remain quite positive. The final increase in bear likelihood also matches very well with both the drop in
16 For brevity, we avoid providing extensive formal tests for differences in all parameters of secondary interest. Unreported tests ﬁnd signiﬁcant differences
across regimes for correlations, standard deviations, and covariances.
17 We defer our tests of differences in alphas across regimes and portfolios, so that they may be presented for all models in a single table. Table 5 provides tests
for our primary interest in the equality of alphas across regimes, and portfolios for the various FTP and TVTP models.
Fig. 2. This figure plots the 1-factor fixed transition probability (FTP) model likelihood of a bear regime (left vertical scale), the scaled 1-year world market total
return (right vertical scale), and the OECD leading indicator (right vertical scale).
the OECD variable and the reduction in global equity returns. This graphical representation foreshadows later results that show
the FTP model may adequately describe bear regimes without the need for the gCLI, t−1 variable.
The estimation results from the FTP model with both market and foreign exchange risk factors are presented in Table 3. We
again characterize the bear regime as regime 1 where the world market excess return mean is the smallest. The two-factor
model provides results similar to those for the one-factor model with respect to the excess return means by regime. Interpreting
the foreign exchange factor beta coefficients, we observe that the US funds tend to offer greater excess returns when the US dollar
appreciates in either regime, and concomitantly, developed funds offer lower excess returns. These results are only significant in
the bull market regime. The foreign exchange risk factor has no significant impact on emerging market excess returns in either
regime.
Regime specific alphas are consistently larger in the bull relative to the bear market regime for US, developed market, and
emerging market funds. Interestingly, the observed reduction in global bull regime betas is dampened when the foreign exchange
factor is included.
Examining the information criteria for the one- and two-factor FTP models, we observe a large increase in both the AIC and
SBC, as well as highly significant coefficients on the marginal coefficients in the two-factor model. Given the prevalence of the for-
eign exchange risk factor in the extant literature, we view the expanded model as superior to the one-factor FTP model.
Table 3
Multivariate two-factor regime-switching model with fixed transition probabilities.
Factors US funds (US.) Developed funds (DE) Emerging funds (EM)
Parameters Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2
Excess
return −0.9903 0.9240 −0.5401 0.9851 −1.804 1.0046 −1.7691 1.9854
(Market) (0.279) (0.002) (0.570) (0.002) (0.210) (0.001) (0.240) (0.000)
Excess 0.3213 −0.3853
return (FX) (0.082) (0.000)
0.2678 0.2686 −0.1898 0.0203 −0.6274 0.7578
αj, St (0.840) (0.780) (0.840) (0.984) (0.593) (0.529)
0.9030 0.9719 0.9550 0.9944 1.3185 1.1913
βjm, St (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.2686 0.4711 −0.1392 −0.1699 0.5108 −0.3292
βjFX, St (0.195) (0.002) (0.348) (0.080) (0.205) (0.400)
Correlations/volatilities
Regime 1 Regime 2
US DE EM Market FX US DE EM Market FX
5.6713 3.2736
US (0.000) (0.000)
0.7886 5.6805 0.8140 3.2388
DE (0.000) (0.000) (0.000) (0.000)
0.7795 0.8363 8.9179 0.6479 0.7955 5.0567
EM (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.8646 0.9366 0.7987 5.5243 0.8855 0.9603 0.7423 3.0900
Market (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
−0.110 −0.230 −0.082 −0.207 1.5292 −0.081 −0.273 −0.233 −0.236 0.9387
FX (0.290) (0.024) (0.450) (0.043) (0.000) (0.379) (0.002) (0.017) (0.007) (0.000)
Transition Probability Parameters, Log Likelihood and Information Criterion
a0 b0 Log Likelihood AIC SBC
(p-value) (p-value)
1.5993 2.0923
(0.001) (0.000) −2389.17 4858.34 4994.27
This table reports parameter estimates for the multivariate two-factor FTP regime-switching model
rUS; t
rDE; t
rEM;t
rm;t
rFX;t
266664
377775 ¼
μUS;St
μDE;St
μEM;St
μm;St
μFX;St
266664
377775þ εSt ; εSt eN 0; ΣSt
 
where rUS, t, rDE, t and rEM, t are equal weighted monthly excess returns to the US domestic, developed market, and emerging market mutual funds, respectively; rm,
t is the monthly excess return of the world market portfolio; rFXt is the monthly excess return from the trade weighted foreign exchange index. Alpha and beta
estimates are determined from βjm;St ¼
σ j;St ρjm;St−ρjFX;St ρmFX;Stð Þ
σm;St 1−ρ2mFX;St
  ,βjFX;St ¼ σ j;St ρjFX;St−ρjm;St ρmFX;Stð Þ
σ FX;St 1−ρ2mFX;St
  , and αj, St=μj, St−βjm, Stμm, St−βjFX, StμFX, St, where j=US, DE or EM and St is
the latent variable taking a value of 1, or 2, when the system is in regime 1, or 2, respectively. The lower triangular volatility/correlation matrix reports volatilities
(in percent) on the diagonal and correlations for off-diagonal elements. The fixed transition probabilities in the two-state model are defined as
p11 ¼ prob St ¼ 1jSt−1 ¼ 1ð Þ ¼ ea01þea0 , and p22 ¼ prob St ¼ 2jSt−1 ¼ 2ð Þ ¼ e
b0
1þeb0 . Parameter estimates are reported with p-values below each estimate in parentheses.
The log likelihood, Akaike Information criterion (AIC), and Schwarz Information criterion (SBC) of the full FTP model are also reported.
4.1.2. Time-varying transition probability (TVTP) models
Filardo (1994) and Diebold et al. (1994) point out that, by allowing the transition probabilities to vary with economic leading
factors, the TVTP model can capture more complex temporal persistence in the evolution of the regimes. Table 4 provides empir-
ical results for the TVTP specifications that incorporate the impact of the OECD indicator in our regime-switching transition prob-
abilities. Follow Filardo (1994) and Kosowski (2006), we use the global composite leading indicator (CLI) as a state variable
governing time-varying transition probabilities. One-factor TVTP estimation results are presented in Panel A, with two-factor re-
sults in Panel B. We find that most of the TVTP parameter estimates are qualitatively comparable to the related FTP model.
Comparing the one-factor FTP and TVTP models in Tables 2 and 4, we find similar coefficient estimates and p-values for most
reported coefficients. For brevity we do not report the remainder of the estimates, however we note that both a1 and b1 estimates
are insignificant suggesting little value in predicting regimes. Further, the information criteria are qualitatively similar.
Table 3 and Panel B of Table 4 reveal a more complicated relationship between the FTP and TVTP specifications for the two-
factor model. The estimated excess return and factor moments now appear less stable across model specifications. Many param-
eter estimates appear economically different. For example, the mean world market excess return in the bear regime from Table 3
is approximately negative 1% – the comparable value from Panel B of Table 4 is less than−1.3%. Large differences across estimates
occur throughout the tables. The unreported AIC and SBC values are both reduced relative to the two-factor FTP model, although
the unreported a1 and b1 estimates for the two-factor TVTP are marginally significant.
Although our evidence is largely unsupportive of the TVTP models, we defer judgment about the value of the relative models
until completion of our out-of-sample forecasting and portfolio choice comparisons.
To examine the performance of mutual funds in aggregate, we report a battery of potential Wald tests for various model re-
strictions related to our estimated alphas in Table 5. Test restrictions are detailed in the initial column for each row of the
table. Wald test statistics and associated p-values are then shown in parentheses for each of the one-factor and two-factor models,
Table 4
Multivariate regime-switching models with time-varying transition probabilities.
Panel A. One-factor TVTP results
Factor U.S. funds (U.S.) Developed funds (DE) Emerging funds (EM)
Parameters Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2
Excess −0.9905 0.9785 −0.5829 1.0572 −1.0593 0.9864 −1.1716 1.6964
return (0.122) (0.000) (0.3888) (0.000) (0.108) (0.001) (0.266) (0.000)
0.4048 0.3783 −0.0905 0.0156 0.2055 0.6577
αj, St (0.707) (0.346) (0.376) (0.982) (0.785) (0.373)
0.9972 0.6937 0.9781 0.9921 1.3904 1.0615
βjm, St (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Panel B. Two-factor TVTP results
Factors US funds (US.) Developed funds (DE) Emerging funds (EM)
Parameters Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2 Regime 1 Regime 2
Excess
return −1.3190 0.8348 −0.6936 0.8681 −1.6792 0.9550 −2.4770 1.8369
(Market) (0.104) (0.007) (0.409) (0.008) (0.043) (0.002) (0.052) (0.000)
Excess 0.04937 −0.3739
return (FX) (0.028) (0.000)
0.3902 0.2376 −0.3828 0.0634 −0.9597 0.8273
αj, St (0.618) (0.817) (0.271) (0.961) (0.155) (0.000)
0.8872 0.9858 0.9778 0.9476 1.3264 1.1967
βjm, St (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.1752 0.5146 −0.0135 −0.2689 0.4705 −0.0282
βjFX, St (0.476) (0.000) (0.935) (0.08) (0.313) (0.932)
This table reports parameter estimates for the multivariate TVTP regime-switching models. The two-factor TVTP model may be written as
rUS; t
rDE; t
rEM;t
rm;t
rFX;t
266664
377775 ¼
μUS;St
μDE;St
μEM;St
μm;St
μFX;St
266664
377775þ εSt ; εSt eN 0; ΣSt
 
where rUS, t, rDE, t and rEM, t are the equal weighted monthly excess returns to US domestic, developed market, and emerging market mutual funds, respectively; rm,
t is the monthly excess return of the world market portfolio; rFXt is the monthly excess return from the trade weighted foreign exchange index. Alpha and beta
estimates are then determined fromβjm;St ¼
σ j;St ρjm;St−ρjFX;St ρmFX;Stð Þ
σm;St 1−ρ2mFX;St
  ,βjFX;St ¼ σ j;St ρjFX;St−ρjm;St ρmFX;Stð Þ
σ FX;St 1−ρ2mFX;St
  , and αj, St=μj, St−βjm, Stμm, St−βjFX, StμFX, St, where j=US, DE or EM and
St is the latent variable taking a value of 1, or 2, when the system is in regime 1, or 2, respectively. We also report the simplified one-factor FTP regime-switching
model results when the rFXt is excluded in the related single-factor model and the factor sensitivities are given by the simple regression coefficients as described in
Table 3. The time-varying transition probabilities in the two-state model are defined as p11 ¼ prob St ¼ 1jSt−1 ¼ 1ð Þ ¼ e
a0þa1gCLI;t−1
1þea0þa1gCLI;t−1 , and
p22 ¼ prob St ¼ 2jSt−1 ¼ 2ð Þ ¼ e
b0þb1gCLI;t−1
1þeb0þb1gCLI;t−1 . For brevity we report means and regression coefficients for each model with p-values in parentheses below each es-
timate. One and two-factor results are reported in Panels A and B, respectively.
for both the FTP and TVTP specifications. One- and two-factor FTP results can be found in columns two and three, with one- and
two-factor TVTP results in columns four and five, respectively.
The initial panel of the table reports the Wald test results to examine if the alphas are different by regime for each of the US,
developedmarket, and emerging market funds. None of these results are significant for any model for the US or developed market
funds. In contrast, for the emerging market funds, we consistently find significantly different alphas across regimes for all but the
single-factor FTP model.
The additional panels of Table 5 consider a wide range of restrictions within regimes across funds, as well as across regimes
within funds, and across both regimes and funds. Two conclusions are immediately apparent. First, in the one-factor model, we
consistently find no evidence of mutual fund mispricing according to our Wald test restrictions. Second, for virtually all other
models and all other situations we find that restrictions related to emerging market funds are always binding. In short, emerging
market funds appear mispriced. Emerging market alphas are significantly different from zero, significantly different from other
funds' alphas within regimes, and significantly different across regimes.18
Evidence of regime specific alphas suggests mispricing of emerging market mutual fund excess returns. However, these mis-
pricings may not be economically important if investors are unable to capitalize on them by predicting regimes. To examine the
economic importance of non-zero alpha realizations, we graphically plot the weighted average value of our model alphas for the
one- and two-factor FTP models in Fig. 3. At each point in time, we use the evolving likelihood of a bear and bull market regime to
weight the regime-specific alphas to create a weighted average alpha that we then plot in the figure. The upper panel of the figure
plots the one-factor alpha series and the two-factor alpha series is plotted in the lower panel. Both panels show substantial time
variability in the model alphas. In the next section, we consider the ability of the models to forecast future returns and also if the
models can improve portfolio choice.
5. Out-of-sample analysis
This section presents our out-of-sample forecasting and portfolio choice results.19 Our goal is to examine the ability of the var-
ious regime-switching models to forecast future fund returns and to positively impact portfolio choices. Forecasting results are
compared for the single regime model, the one-factor FTP model, the two-factor FTP model, the one-factor TVTP model, and
the two-factor TVTP model. To examine the importance of alternative risk factor specifications, we also consider three asset pric-
ing specifications where we replace our primary second foreign exchange risk factor with the value factor of Fama and French
(1998), the HKK (2011) momentum factor, or the HKK (2011) value factor.20
5.1. Out-of-sample forecasting results
Our out-of-sample forecasting algorithm may be described as follows. Using all available data for each model from October
1990 to March 2004, we initially estimate model parameters for each approach. We then create an out-of-sample one-month
forecast for April 2004 for each series and each estimation approach. We then update the estimation sample to include April
18 As always, tests of this sort are model dependent. In unreported additional tests we ﬁnd mixed results when we replace our second risk factor, the foreign
exchange risk factor, with the HKK value factor. This alternative asset pricing speciﬁcation suggests strong rejections from nonzero emerging market alphas
for the two-factor TVTP model, but little contrary evidence in the FTP context.
19 We gratefully acknowledge the guidance of two referees in motivating the analysis in this section.
20 The Fama and French book-to-market value factor is constructed from data provided by Ken French at http://mba.tuck.dartmouth.edu/pages/faculty/ken.
french/data_library.html. We also gratefully acknowledge Andrew Karolyi for providing both the HKK momentum factor and the alternative global cash ﬂow
to price HKK value factor.
Table 5
Wald test of alpha restrictions.
Hypothesis 1-factor FTP 2-factor FTP 1-factor TVTP 2-factor TVTP
αUS, 1=αUS, 2 0.0008 (0.977) 0.0000 (0.999) 0.0063 (0.937) 0.0416 (0.838)
αDE, 1=αDE, 2 0.0112 (0.916) 0.0884 (0.766) 0.1597 (0.689) 0.5404 (0.462)
αEM, 1=αEM, 2 0.8070 (0.369) 3.8941 (0.048) 9.8196 (0.002) 11.7761 (0.001)
αUS, 1=αUS, 2=0 1.3037 (0.521) 0.1395 (0.932) 0.6201 (0.733) 0.7182 (0.698)
αDE, 1=αDE, 2=0 0.0268 (0.987) 0.1037 (0.949) 0.6440 (0.725) 0.8360 (0.658)
αEM, 1=αEM, 2=0 1.9371 (0.3780) 3.9018 (0.142) 20.0315 (0.000) 11.7769 (0.003)
αUS, 1=αDE, 1=αEM, 1 1.5879 (0.452) 4.5535 (0.103) 0.4889 (0.783) 1.0599 (0.589)
αUS, 1=αDE, 1=αEM, 1=0 1.5889 (0.662) 6.1920 (0.103) 0.5605 (0.905) 3.2023 (0.361)
αUS, 2=αDE, 2=αEM, 2 0.3406 (0.843) 7.2096 (0.027) 4.6823 (0.096) 34.8161 (0.000)
αUS, 2=αDE, 2=αEM, 2=0 1.3221 (0.724) 7.7009 (0.053) 11.3960 (0.010) 43.4191 (0.000)
αUS, 1=αUS, 2, αDE, 1=αDE, 2, αEM, 1=αEM, 2 1.4399 (0.696) 6.9016 (0.075) 20.0765 (0.000) 12.6967 (0.005)
αUS, 1=αUS, 2=0, αDE, 1=αDE, 2=0, αEM, 1=αEM, 2=0 6.2801 (0.393) 18.4751 (0.005) 29.0490 (0.000) 50.6195 (0.000)
We report Wald test statistics and associated p-values in parentheses for a variety of tests regarding the estimated model regime specific alpha parameters in the
1-factor FTP, 2-factor FTP, 1-factor TVTP, and 2-factor TVTP models.
2004 and forecast the next month, May 2004. We continue in this manner until we have one-month forecasts for the entire 60-
month out-of-sample period from April 2004 to March 2009.
To evaluate the forecasting ability of each model we compare the one-month forecast to the actual return for each of the 60
out-of-sample monthly observations using the mean absolute error (MAE) and the root mean squared error (RMSE),
MAE ¼ 1
T
∑Tt¼1 rt−r^ tj j ð11Þ
RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
T
∑Tt¼1 rt−r^ tð Þ2
r
ð12Þ
Table 6 reports the summary results across all specifications considered for the US, developed market portfolios (DE), and the
emerging market portfolios (EM). At the top of both left and right panels we report the single regime forecast results based on the
updated sample mean for each series. FTP model results are presented on the left side of the table, with TVTP model results pre-
sented on the right side of the table. The one-factor models include the world market portfolio (Market) as the sole risk factor.
Two factor models then add the foreign exchange risk factor (FX), the Fama and French (1998) value factor (FF value), the
HKK (2011) momentum factor (HKK Mom), or the HKK (2011) cash flow to price value factor (HKK value).
In general, we observe a large improvement in all FTP models relative to the single regime results. The single factor FTP model
reduces the US MAE from 3.42 to 1.30 and the emerging market portfolio MAE from 5.89 to 2.98. The addition of a second risk
factor in the FTP models often yields a forecast benefit for some of the mutual fund series. For example, our primary two-factor
FTP model including the market and foreign exchange risk factor produces a good improvement in the MAE (from 2.98 to
Fig. 3. Each panel plots the weighted average alpha for each equal weighted portfolio of US, Developed market, and Emerging market mutual funds. The weighted
average alpha weights each regime-specific alpha by the probability of that regime in any given period. Alphas for the 1-factor fixed transition probability model
are reported in upper panel, with 2-factor model results in the lower panel.
2.74) and RMSE (from 3.65 to 3.41) in the emergingmarket fund. The FF value and HKKmomentum factors yield reductions in the
US MAE and RMSE, but have little benefit in forecasting emerging market returns. The market and HKK value factor model offers a
good improvement in virtually all measures (except the slightly poorer RMSE when compared with the market and foreign ex-
change factor model).
The TVTP specifications in the right panel show little benefit in a model by model comparison. For example, the one-factor FTP
model yields smaller MAE and RMSE measures for all funds relative to the one-factor TVTP model. Although this strict rank order-
ing is not preserved in all cases, we find very few instances of improved forecasts using the TVTP model.
In general, we conclude that the one-factor FTP model provides good predictions of next period returns for most series and
that the two-factor FTP models, including the world market and either the foreign exchange factor or the HKK value factor, pro-
duce good out-of-sample estimates. Based solely on next period return forecasts, the HKK value factor appears to be the most ro-
bust second factor in this FTP out-of-sample horse race. Although our work differs relative to Hou et al. (2011) in terms of both
underlying assets and methodology, our results provide complementary evidence regarding the potential benefit of the HKK
value factor in asset pricing studies.
The behavior of out-of-sample portfolio choices will also be impacted by the ex ante covariance matrix implied by each model
over the forecast interval. In the next section we compare out-of-sample Sharpe ratios for various models and for two interesting
asset subsets.
5.2. Out-of-sample portfolio choice results
We extend our forecasting algorithm to compute the implied covariance matrix for each model and for each period in our 60-
month forecasting interval. This allows us to examine the impact of the time varying expected returns and covariance matrices on
investor portfolio choices. There is a burgeoning literature examining the behavior of portfolio weights in the context of regime-
switching models. Ang and Bekaert (2002a) consider the differences between single period investment choices and long horizon
investment choices to gauge the importance of hedging demands related to the evolution of the underlying investment opportu-
nity set. Their results require a quadrature solution to the first order conditions for the investor's investment problem to deter-
mine optimal portfolio weights. To examine the difference between myopic single period choices and longer term
intertemporal choices they adopt an innovative stacking of first order conditions. In general they find little reason to focus on
intertemporal hedging demands and conclude (p. 1182) that investors “ … have little to lose by acting myopically instead of solv-
ing more complex dynamic programming problems for horizons greater than one period.”
Building from this literature, we consider the sequence of optimal myopic portfolio weights implied by the various beta and
regime-switching models. For a given underlying model of multivariate asset returns, our interest is in the ability of the model
to improve investment choices.
As is well documented empirically by Frankfurter et al. (1971), more formally by Jobson and Korkie (1983), and later by
Britten-Jones (1999) estimated portfolio weights are often poorly behaved. Okhrin and Schmid (2006) provide a number of inter-
esting results related to estimators of various optimal portfolio weight vectors known from the extant literature. In particular, the
expected quadratic utility optimal portfolio is
wEU ¼
Σ−1e
e
0
Σ−1e
þ γ−1Mμ ð13Þ
Table 6
Rolling one-step forecast results.
Models Measure US DE EM Models Measure US DE EM
Single regime MAE 3.42 3.82 5.89 Single Regime MAE 3.42 3.82 5.89
RMSE 4.86 5.27 7.96 RMSE 4.86 5.27 7.96
1-factor FTP MAE 1.30 0.87 2.98 1-factor TVTP MAE 1.33 0.87 3.03
(Market) RMSE 1.62 1.12 3.65 (Market) RMSE 1.62 1.14 3.73
2-factor FTP MAE 1.34 0.86 2.74 2-factor TVTP MAE 1.41 0.89 2.81
(Market+FX) RMSE 1.79 1.10 3.41 (Market+FX) RMSE 2.06 1.10 3.61
2-factor FTP MAE 1.26 0.97 3.00 2-factor TVTP MAE 1.23 0.98 3.07
(Market+FF value) RMSE 1.60 1.27 3.75 (Market+FF value) RMSE 1.62 1.25 3.82
2-factor FTP MAE 1.26 0.88 2.85 2-factor TVTP MAE 1.28 0.89 2.79
(Market+HKK Mom) RMSE 1.61 1.12 3.64 (Market+HKK Mom) RMSE 1.61 1.15 3.58
2-factor FTP MAE 1.25 0.83 2.63 2-factor TVTP MAE 1.26 0.84 2.69
(Market+HKK Value) RMSE 1.59 1.08 3.43 (Market+HKK Value) RMSE 1.59 1.09 3.51
This table reports out-of-sample forecasting errors for various models. The Single Regime model assumes a constant mean vector and covariance matrix deter-
mined over the estimation window. The one-factor and two-factor FTP models are described in Tables 2 and 3. The TVTP models are described in Table 4. The
single factor is given by the monthly excess return of the world market portfolio, rmt. The two-factor models consider a second factor given by the monthly excess
return from the trade weighted foreign exchange index, rFXt, or alternatively, the value factor of Fama and French (1998), the momentum factor of Hou et al.
(2011), or the value factor of Hou et al. (2011). For each model, we use data from October 1990 to March 2004 to estimate model parameters, and then generate
one-step out-of-sample rolling estimation forecasts for mutual fund returns for the period of April 2004 to March 2009. The mean absolute error (MAE) is defined
as MAE ¼ 1T∑Tt¼1 rt−r^j j and the root mean squared error (RMSE) is defined as RMSE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
T∑Tt¼1 rt−r^ tð Þ
2
q
, where T is total number of periods in the entire fore-
casting interval, rt is the actual return at time t and r^ t is the one-step-ahead forecasted fund return at time t.
where μ is the total return mean vector, Σ is the related covariance matrix of total returns, e is a conformable Nx1 vector of ones,
M ¼ Σ−1− Σ−1ee0Σ−1
e0Σ−1e
, and γ is the risk aversion parameter from the objective functionw0μ− γ2w
0Σw. Okhrin and Schmid (Theorem
1, 2006) show that
~wEU ¼
Σ^−1e
e
0
Σ^−1e
þ α−1 T−N−1
T−1
 
M^ R ð14Þ
is unbiased for wEU where R is the sample total return mean vector, Σ^ ¼ 1T−1∑Tj¼1 Rt−R
	 

Rt−R
	 
′, and M^ ¼ Σ^−1− Σ^−1ee0 Σ^−1
e
0
Σ^−1e
.
We construct out-of-sample Sharpe ratios for portfolios formed according to model forecasts of the mean vector, and covariance
matrix. In particular, for each month in the forecast interval we create the optimal expected utility weight vector using Eq. (14). We
then apply theseweights to the realized returns for all series in the nextmonth to determine the resultant portfolio return.We repeat
this process for all forecast months in the single regime case, the one-factor FTP model, and the two-factor models with the world
market portfolio and either the foreign exchange factor or the HKK value factor.
Table 7 presents two different asset sets that are available in all models. Panel A reports results for the optimal combination of
assets formed from US fund, developed market fund, emerging market fund, and the world market portfolio. In Panel B, we report
results where we preclude investments in the emerging market fund. This allows us to gauge the importance of eliminating the
emerging market fund as an asset choice out-of-sample.
For each model, we present results for the entire 60-month out-of sample period and for two 30-month intervals that com-
prise the entire 60-month forecast period. The latter comparison is interesting in that the 60-month forecasting period is charac-
terized by a positive (negative) sample mean for the world market portfolio over the initial (latter) 30-month interval. The initial
row of each panel shows results for the base case single regime model. The estimation period sample mean and covariance matrix
are used to form the optimal portfolio. The results are poor in both panels. Perhaps not surprisingly, the poor out-of-sample per-
formance of the world market portfolio in the latter portion of the 60-month forecast interval has a large negative impact on the
out-of-sample Sharpe ratio.
Panel A shows a marked increase in the out-of-sample Sharpe ratios for both two-factor models and the results appear persis-
tent in both subperiods. In contrast to the simple MAE and RMSE forecasting results in Table 6, the foreign exchange risk factor
provides consistently better out-of-sample portfolio performance versus the HKK value factor.
Table 7
Out-of-sample portfolio performance.
Panel A: Expected utility portfolio formed with US, DE, EM and world market portfolios.
Out-of-sample period Apr. 04–Mar. 09 Apr. 04–Sept. 06 Oct. 06–Mar. 09
Models γ = 2 γ = 10 γ = 2 γ = 10 γ = 2 γ = 10
Base case −0.134 −0.158 −0.013 0.138 −0.217 −0.320
1-factor FTP (Market) 0.112 0.092 0.318 0.347 0.012 −0.04
2-factor FTP (Market+FX) 0.249 0.230 0.499 0.510 0.203 0.159
2-factor FTP (Market+HKK Value) 0.203 0.182 0.503 0.511 0.136 0.086
Panel B: Expected utility portfolio formed without EM fund portfolio.
Out-of-sample period Apr. 04–Mar. 09 Apr. 04–Sept. 06 Oct. 06–Mar. 09
Models γ = 2 γ = 10 γ = 2 γ = 10 γ = 2 γ = 10
Base case −0.201 −0.116 −0.055 0.210 −0.316 −0.29
1-factor FTP (Market) 0.358 0.355 0.450 0.477 0.299 0.257
2-factor FTP (Market+FX) 0.220 0.222 0.553 0.613 0.181 0.158
2-factor FTP (Market+HKK Value) 0.254 0.254 0.603 0.638 0.205 0.177
This table reports out-of-sample sample Sharpe ratios of expected utility portfolios based on various models for the entire out-of-sample period and two sub-
periods. The Base Case model assumes an unconditional constant mean vector and covariance matrix determined over the estimation window. The one-factor
and two-factor FTP models are described in Tables 2 and 3, where the first factor is given by the monthly excess return of the world market portfolio, rmt. The
two-factor models consider a second factor given either by the monthly excess return from the trade weighted foreign exchange index, rFXt, or alternatively,
the value factor of Hou et al. (2011). For each model, we use data from October 1990 to March 2004 to estimate model parameters and generate the estimated
model-specific mean and covariance matrices for each period for the US, developed market (DE), emerging market (EM), and global benchmark market portfolios
for the next period. We then update the sample by one month and generate another one-month forecast to create another mean vector and covariance matrix
forecast. For each mean vector and covariance matrix over the forecast interval, we then generate the resultant optimal expected utility portfolios following
the Okhrin and Schmid (2006) proposed portfolio weight estimators using
~wEU ¼
Σ^−1e
e
0
Σ^−1e
þ γ−1 T−N−1
T−1
 
M^ R
where R is the forecast mean vector, Σ^ is the next period forecast covariance matrix, e is a conformable N×1 vector of ones, and M^ ¼ Σ^−1− Σ^−1ee0 Σ^−1
e0 Σ^−1e
. We report
the mean Sharpe ratio for risk aversion parameters, γ, equal to 2 or 10 for the resultant portfolios created for the 60 forecast intervals for the various models. Panel
A shows the results for optimal portfolios formed from total returns on the US, developed market (DE), emerging market (EM), and world market portfolio. Panel
B shows results for optimal portfolios formed with the US, developed market (DE), and world market portfolio (excluding the EM portfolio).
Panel B provides contrasting findings. When the emerging market funds are not included in the asset set, the one-factor FTP
model appears to produce the best out-of-sample Sharpe ratios. Further, these values are large relative to those shown in the ear-
lier panel for all models. This general finding is not robust to both forecast subperiods. The two-factor models do better in the first
subperiod, but do not perform well in the second subperiod.
In unreported results we also examine individual emerging market funds both with and without consideration of manage-
ment expenses. This analysis studies a subset of emerging market funds with 12 years of available monthly data and related man-
agement expense ratios.21 We again find substantial variability of means across regimes, with a larger mean in the global bull
market at both the means and medians. Evidence regarding the ability of mutual funds to outperform net of management fees
is nonetheless very mixed.22
6. Conclusions
We evaluate a variety of regime-switching models and find support for a relatively simple two-factor fixed transition proba-
bility (FTP) model. A more complicated specification involving time-varying transition probabilities that evolve with a composite
leading economic indicator is not recommended by information criteria or out-of-sample comparisons. The FTP models are easy
to estimate, produce good out-of-sample forecasts, and provide good out-of-sample portfolio behavior as measured by sample
Sharpe ratios.
In the single factor FTP model betas are larger in the global bear regime for both domestic and emerging market funds. When
foreign exchange risk is added as a second factor, we find that the foreign exchange factor regime means are inversely related to
the world market regime means. We also find significant performance variations in mutual funds across economic states as char-
acterized by statistically different Jensen's alphas. Mispricing is especially prevalent in emerging market mutual funds in a mul-
tivariate system of US, developed market, and emerging market mutual funds. Ignoring the presence of economic regimes tends
to mitigate significant performance differences that become apparent in the regime-switching models.
We also examine alternative risk factor models that include the Fama and French (1998) value factor, the Hou, Karolyi and Kho
(HKK 2011) momentum factor, or the HKK (2011) cash flow to price based value factor. Depending on the goal of the researcher
there are situations in which the one-factor FTP model, or the two-factor FTP model may be superior. In our out-of-sample com-
parisons the foreign exchange risk factor and the HKK (2011) value factor appear to be the best second factors for consideration to
improve forecasting and out-of-sample portfolio performance.
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